Root systems are branched networks that develop from three simple growth properties of 26 individual roots: elongation, curvature, and branching. Yet a mature maize root system has tens 27 of thousands of roots that each interact with soil particles, water and nutrient patches, and 28 microbial ecologies in the micro-environments surrounding each root tip. Although the plasticity 29 of root growth to these and other environmental factors is well known, how these local processes 30 contribute over time to global features of root system architecture is hardly understood. Here we 31 employ an automated 3D root imaging pipeline to capture the growth of maize roots at four hour 32 windows through seven days of seedling development. We model the contrasting architectures of 33 two maize inbred genotypes and their hybrid to derive key parameters that distinguish complex 34 growth patterns as a function of time. In aggregate, the local root growth patterns clearly 35 contribute to the whole, despite a high degree of heterogeneity for individual root growth. We 36 computationally extract a primary root from each root system and explore how differences in the 37 radial and longitudinal developmental patterning along this axis contribute to the contrasting two 38 root architectures. X-ray Computed Tomography analysis of mature field-grown root crowns 39 verified that seedling growth trajectories persisted throughout development, and thus have a 40 strong developmental genetic influence. The work connects the local and global scales of root 41 system growth dynamics, providing the means for a function-valued approach to understanding 42
INTRODUCTION
1 Workflow for 4D analysis of maize roots. Rotational image sequences from our automatic 3D time lapse 109 imaging system were imported and processed to reconstruct 3D models using the RSA-GiA pipeline. The 110 reconstructed time series of 3D models were processed using DynamicRoots software. The phenotypic features were 111 extracted and analyzed using custom R code (see Methods).
113 114
Quantifying global root traits at fine temporal scales reveals fundamental differences in 115 growth patterns between two maize inbred genotypes and their hybrid 116 117 Phenotypic analysis of root architecture in a panel of diverse maize inbred lines has shown 118 complex genotype-specific patterns that change during early development (Zurek et al., 2015) , 119 but their integration over time and the underlying cause is not yet understood. Using the 120 automated imaging system, we were able to observe global-scale growth patterns on a highly 121 resolved temporal scale. To provide information about the size and shape of the root systems, we 122 compared total root volumes, lengths, and numbers, which all increase over time ( Figure 2 ). Table S1 -S3). The hybrid values 127 had the greatest intragenic variation, but the average values were largely intermediate, providing 128 no evidence for heterosis in seedling root growth, similar to previous findings (Hund et al., 129 2012). While the total root volume and number of roots in B73 samples were consistently greater 130 than Mo17 at all time points, initial differences in total root length disappeared by day 11 ( Figure   131 2, Table S2 ). Since dry root weights from day 11 also showed that B73, Mo17 and their hybrid 132 all had similar root biomass ( Figure S1 ), we conclude that Mo17 and B73 fundamentally differ in 133 how they allocate carbon resources for root foraging. B73 invests in relatively more, shorter, and 134 "cheaper" roots (i.e. less biomass per unit of surface area), and Mo17 invests relatively more in 135 the continued growth of extant roots, with their hybrid as intermediary. We investigated the 136 duration of these trends by extracting identical 3D features from X-ray scanned root crown 137 samples excavated from the field at flowering over two consecutive years. The phenotypic trends 138 are remarkably consistent between B73 and Mo17, although the hybrids are much larger than 139 either parent by this time ( Figure S2 ). Our results suggest that a strong and persistent genetic 140 influence on root carbon allocation investments can be detected at the seedling stage given 141 sufficiently high-quality data.
143
To capture the underlying dynamics of these temporal relationships, we computed the rates of 144 change (or velocities, the first derivative) and accelerations (changes in velocity, the second 145 derivative) for the three global traits (Figure 2d -f). A sharp demarcation occurs in both inbred 146 genotypes that separates increasing and decreasing growth rates for root volume and length.
147
However the inflection point is delayed in Mo17 relative to B73 (Figure 2d ,e), and slightly 148 earlier in the hybrid. This transition is coupled to the rate of new roots in B73 and the hybrid, but not in Mo17 (Figure 2f ), reinforcing evidence for a fundamentally different process for 150 patterning root architecture between the two genotypes that appears semi-dominant in the hybrid.
152
Despite the clear trend over the 1-week time interval, accelerations or decelerations between any 153 two 4-hour time intervals were generally smooth -no significant differences were found for rates 154 of change in total root number for any genotype at this temporal resolution, and in only a single 155 interval each in B73 and the hybrid for root volume. Rates of change for total root length were 156 more variable in all genotypes, but not in a consistent pattern (Figures 2d-f; Table S4 ). Diurnal 157 patterns of growth in plant leaves and shoots (Walter et al., 2009 ) are well established, but 158 evidence in grasses suggests that their roots do not change elongation patterns along day/ night 159 cycles (Iijima et al., 1998; Walter et al., 2002) . We compared the growth rates during the 4 hours 160 before dark to the growth rate during the next 4 hours in the dark for each genotype. All three 161 genotypes had differences (p < 0.05) in day/ night growth rates at some time points, but not 162 others (Table S4) , providing no strong evidence of diurnal regulation, which reinforces previous 163 studies. We found that growth rates were predominantly driven by developmental time, rather 164 than diurnal real-time. Non-linear models such as logistic growth functions can provide "function-valued" traits that 177 integrate both real and developmental time to describe complex patterns of growth or 178 architectural change (Barlow et al., 1991; Paine et al., 2012; Morris and Silk, 1992; Araya et al., 179 2016). After testing various nonlinear models for several fitting criteria (Table S5 ), we chose a 3-180 parameter logistic growth function to model the global trait dynamics (Figure 3 ; Methods).
181
Parameter α1 describes the "carrying capacity" of the function, which reports the maximum 182 values of the modelled growth curve. B73 had significantly higher α1 values for total root 183 volume and total number of root branches, reflecting that B73 has a larger final volume and more 184 branches than Mo17 ( Figure 3 ). However, the α1 values for total root length were not different, significantly different, reflecting that the total number of branches and to a lesser extent total root 196 length increased more sharply for B73. The overall growth trends for the hybrid were most 197 similar to B73, although we note that range of values was typically larger than either parent 198 (reflected in the long axes of the violin plots, Figure 3 ), suggesting the hybrid is less rigid in its 199 developmental program.
201
Modelling of dense (4 hour intervals) time-series data provided important insights into the 202 growth dynamics underlying genotypic differences in root architecture, but from a practical 203 standpoint, we wished to know if similar answers could be derived from fewer data points. We interval from 4 to 24 hours for all three traits ( Figure S6-8 ). The results of this analysis suggest 216 that much of the same information about root growth dynamics could be attained through less 217 frequent phenotyping, which could translate to increases in sample throughput, and more power 218 to resolve subtle environmental or genetic differences. Root architecture is a global property determined by the cumulative elongation, branching, and 230 curving of each root. Yet much is unknown as to how these local parameters emerge as global To study root curving, we computed the soil angle distribution, which captures root geometry 250 relative to an extrinsic reference (the soil horizon), and branching angle distribution, which 251 measures the intrinsic angle between a child and parent branch regardless of orientation to the 252 soil horizon. As shown in Fig. 4b, B73 had relatively larger soil angles relative to Mo17 at the 
273
The branching angle was the angle formed by the child branch and its parent branch. (Figure 5b ; mean 312 values). However, the significant intra-plant variation across the experiment points to substantial 313 heterogeneity along any given primary root, suggesting that radial angle is either stochastic or 314 that micro-environmental conditioning may play a strong role. can be extended to a wide variety of other studies where local interactions, such as patchy 360 nutrients or competing roots, can be studied in the context of their effects on global systems. 3D 361 imaging and computational analysis of root growth allows measurement of traits (e.g. radial 362 angle) that are not measurable via 2D phenotyping approaches, especially with very complex 363 root systems. Here we directly compared 3D architectures of seedling and mature root crowns 364 using the same algorithms. Our methods transfer to any 3D data, including the growing body of 365 X-ray tomography and magnetic resonance imaging root studies (Mooney et al., 2012b; Ahmed 366 et al., 2016; van Dusschoten et al., 2016b; Morris et al., 2017) . Such high quality inputs should 367 be especially useful to parameterize and constrain multiscale models that incorporate genotypic 368 differences as probability distributions that reflect the inherent stochasticism in plant growth 369 (Lynch et al., 1997; Dupuy et al., 2010; Bodner et al., 2013; Araya et al., 2016; Kalogiros et al., 370 2016; Zhao et al., 2017; Postma et al., 2017; Passot et al., 2018; Schnepf et al., 2018) . The 371 development of simulation models that can account for and accurately predict root growth and Two maize inbred genotypes, B73 and Mo17, and their hybrid were used in this study. The seeds 382 were sterilized with 35% hydrogen peroxide for 20 minutes and rinsed four times with RO water.
383
After soaking in RO water for 8 hours at 29 ºC in the dark, the seeds were sterilized again with 384 35% hydrogen peroxide for 10 minutes and rinsed four times with sterile water. The seeds were 385 placed at 29 ºC in the dark for incubation. After 2 days, seedlings were planted into glass growth 386 cylinders. The growth medium was made following a modified Hoaglands solution (Zurek et al., 387 2015). The cylinders were put on a shelf overnight for acclimation before moving them into a 388 growth chamber. The growth conditions were set to 28 ºC during the day and 24 ºC at night. The 389 daylight period lasted 16 hours starting at 6 am.
391
Imaging system 392 393
The imaging system was set up in the growth chamber. It consists of a digital camera (Stingray 394 F-504C, Allied Vision Technologies), a turntable (LT360, LinearX), a near infrared LED light 395 (SOBL, Smart Vision Lights), an optical correction tank, and a personal computer. The 396 schematic details of the imaging system can be seen in (Clark et al., 2011) . The near infrared 397 LED was used with a longpass camera filter to provide a high contrast silhouette during the day 398 and to avoid affecting plant growth during night. It was turned on 10 seconds before each 399 imaging course, and was turned off immediately after the rotational sequence was taken. For 400 each imaging course, 180 images were taken at 2º increments. A custom program written in 401 LabVIEW was used to control the image acquisition and set up time lapse imaging, which 402 enabled the imaging system to take rotational image sequences at regular time points 403 automatically. In this study, all the plants were imaged every 4 hours for a week, until day 11 404 after germination. For each plant, 41 or 42 image sets were captured.
406
Quantification of RSA traits 407 408 We used the RSA-GiA pipeline to generate the 3D reconstructions from 2D rotational images.
409
The pipeline included three main steps: (1) cropping, to remove the above gel parts from the 410 images;
(2) thresholding, to convert the images to binary images, which roots are the foreground;
411
(3) reconstruction, to build the 3D models based on visual hull algorithm (Topp et al., 2013) . To 412 analyze a time-series of 3D reconstructions, we used DynamicRoots. DynamicRoots is a 413 software tool which is capable of computing structural and dynamic traits for growing roots 414 (Symonova et al., 2015) . It aligns all the models in a time-series, decomposes the 3D root system 415 into individual branches, and records the growth process. The primary output of DynamicRoots 416 is a txt file that includes columns for different root traits at every observation time, and rows for 417 data from every branch. To analyze root growth patterns, we developed R functions for 418 computing global root traits, root growth rate, root growth direction, and root distribution from 419 DynamicRoots-generated files (https://github.com/Topp-Roots-Lab/timeseries_analysis). Using 420 the traits for each branch, the total volume, total length, and total number of branches were 421 obtained for every time point. In order to avoid noise, branches shorter than 5 voxels at the last 422 observation time were removed. The total root volume was the sum of the root volume of all 423 individual roots. The total root length was the sum of the root length of all individual roots. The 424 total number of branches was the sum of the numbers of individual roots. The growth rate was 425 the difference of root traits between two subsequent time points. We defined the angle between 426 branch and soil level as soil angle, and the angle between branch and its parent branch as 427 branching angle.
429
Data analysis 430 431 To compare the shape of root growth for different genotypes, we modeled the dynamic of global 432 root traits. Linear, exponential, power law, monomolecular, three-parameter logistic, four-433 parameter logistic, and Gompertz models were tested. The basic functional forms for these 434 models can be seen in Paine et al., 2012. We parameterized the three-parameter logistic model in 435 the following way to facilitate descriptions of growth curves: where y represents the global traits, i.e. total root volume, total root length, and total root 438 number, t is the time after the start of the imaging course, α1 is the maximum growth capacity, α2 439 is the inflection time point, and α3 is the steepness.
440
The parameters for all models were estimated using linear ("lm" function) or non-linear least 441 squares regression ("nls" function) in R. To select the best model, R squared (R 2 ), root mean squared error (RMSE), standard error (S), and Akaike Information Criterion (AIC) of the ., Klassen, T.N., Keyes, S., Daly, M., Jones, D.L., Mavrogordato, M., Sinclair, I., 
